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Abstract — Analysis of the frequency response of integrated 
transmission-distribution networks with deep penetration of 
solar photovoltaic (PV) generation faces major challenges due to 
the complexity emerging from dynamic models of the numerous 
and diverse PV units involved. This work proposes converter-
based dynamic equivalent models for both distributed 
(distribution network-connected) and large-scale (transmission 
network-connected) PV units which take into account practical 
issues such as measurement and coordination delays. Differently 
from previous work that adopted open-loop identification, the 
unknown model parameters are identified here through a novel 
closed-loop identification process based on least-square 
minimization. This allows capturing the continuous interaction 
between system and PV responses, thus improving the outcome of 
the overall frequency response model. The proposed models are 
validated with real data from the August 2018 separation event in 
Australia. The results demonstrate the excellent performance of 
the proposed models in determining the frequency response from 
PV in both transmission and distribution networks, hence paving 
the way to its adoption in frequency stability analysis in low-
carbon grids dominated by frequency-responsive renewables. 
 
Index Terms-- Cascading failures, Dynamic equivalencing, 
Frequency stability analysis, PV frequency response, System 
identification, Distributed energy resources. 
I.  INTRODUCTION 
HE increasing penetration of renewable energy sources 
(RES) with power-electronics interfaces and the 
associated reduction of conventional synchronous generators 
(SGs) increase the risk of system frequency instability due to 
reduction of system inertia and primary frequency response 
resources [1-3]. Low-inertia conditions in RES-rich power 
systems may in fact result in a high rate of change of 
frequency (RoCoF) following disturbances which may rapidly 
take the system frequency outside the emergency frequency 
band [4-5]. Moreover, in systems with great penetration of 
distributed and/or large-scale photovoltaic (PV) units, 
secondary PV tripping (SPVT) due to under-frequency 
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protections [4] may also occur. All of these can in turn 
impinge on system frequency stability even further [4-5]. In a 
synchronously interconnected system, a frequency disturbance 
might then also potentially spread across the grid and cause 
large and fast changes in the flow of an interconnector; this 
could eventually end up in activation of the interconnector’s 
protection schemes and even system separation [4-6]. Such 
fast and complex dynamics and frequency-dependent 
cascading failures have already been experienced in RES-rich 
systems, e.g., in Great Britain [7]. It is therefore crucial to 
build suitable aggregated models of frequency-responsive 
components and frequency-dependent protection schemes to 
be able to capture RES-rich system dynamics.  
Short-term frequency stability analysis is usually 
performed via either electromagnetic transient (EMT) models 
or transient stability models, which consist of differential 
algebraic equations (DAEs) [8]. Given that PV units either at 
the distribution level (distributed PV units) or the transmission 
level (PV farms) are required to deliver over-frequency 
response according to grid-codes [9-10], they effectively 
actively impact on and contribute to the system frequency 
dynamics following disturbances. It is then essential to employ 
suitable dynamic models of PV units to prevent missing their 
corresponding impact on system frequency characteristics, 
especially for deep PV penetration levels where their 
contribution to frequency response may be substantial. 
However, the high degree of complexity associated with 
detailed dynamic modelling of a PV array and its energy 
conversion systems for numerous (and often unknown in 
number and characteristics) PV units results in major 
difficulty in terms of performing combined transmission-
distribution frequency stability analysis. This calls for 
development of suitable dynamic models of PV units which 
could effectively decrease the complexity of dynamic analysis 
while capturing PV participation in frequency control.  
Several solutions have so far been proposed to handle the 
complexity of frequency stability analysis imposed by 
dynamic model of system components, such as dynamic 
phasors [11], modal schemes [12], frequency-reliant system 
equivalents using Prony analysis [13], coherency-based 
methods [14], and simulation-based (measurement-based) 
algorithms [8]. At the transmission level, previous 
investigations aimed to increase computational efficiency in 
different ways, ranging from simplification of SG model [15] 
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or dynamic equivalencing of a group of SGs through 
coherency-based methods [16], to development of dynamic 
equivalent models for active distribution networks in RES-rich 
systems [17]. In fact, the literature on integrated transmission-
distribution dynamic modelling has mainly dealt with 
complexity emerging from synchronous-based components of 
the transmission grid or its passive elements (e.g., 
transmission lines). As for on dynamic equivalent models of 
aggregated PV units, previous works have mainly focused on 
voltage disturbances, with particular focus on ride-through 
capability, introducing new methods such as equivalent 
impedance modelling, correlation clustering methods, and 
deep learning-based methods [18-21]. However, given recent 
developments in grid codes [9-10], PV units are now also 
required to deliver frequency response. Previous equivalent 
models are not able to evaluate the aggregated frequency 
response from PV units, as they were developed for response 
to voltage disturbances, with focus on reactive power control. 
Hence, with fast increasing penetration of PV, there is a clear 
and pressing need for methods that can deal with the 
complexity of dynamic modelling of aggregated PV units of 
different scales and locations in frequency stability analysis. 
On the above premises, this paper presents a novel dynamic 
equivalent model of aggregated large-scale PV farms to 
decrease the complexity of frequency stability analysis 
emerging from numerous PV power plants. The proposed 
dynamic model is an inverter-based model which maintains 
the generic model of PV plants in an equivalent model. This 
model is then developed to consider possible technical issues, 
such as coordination and measurement delays, which might 
not allow PV plants to effectively participate in frequency 
control. The proposed model is then further developed to 
construct a dynamic equivalent model for aggregated 
distributed PV units too and considering distribution network 
infrastructure. Several methods can be used to parametrize the 
proposed models, such as system truncation approach [22], 
artificial neural network-based schemes [23], or simulation-
based (measurement-based) system identification techniques 
[24]. In the context of dynamic equivalencing, a study zone 
refers to the system area/components for which one aims to 
obtain an equivalent model or lower-order model (e.g., PV 
units in this work) [8], [25]. With respect to simulation-based 
identification methods, most previous research has employed 
an open-loop identification algorithm in which the measured 
frequency is a pre-defined, invariant input signal. This means 
that the continuous impact of the studied zone on the system 
frequency dynamics is effectively ignored. In the case of 
massive PV penetration in transmission and distribution 
networks, however, frequency response provision from PV 
might have a significant impact on system frequency. 
Therefore, dynamic equivalencing of transmission-connected 
as well as distributed PV units with open-loop identification 
can potentially cause inaccuracy in both the equivalent model 
and the frequency dynamics. Furthermore, this may cause 
inaccurate analysis of frequency-dependent emergency 
mechanisms such as under-frequency load shedding (UFLS) 
and SPVT. A novel closed-loop identification method is then 
proposed in this paper which employs a simplified system 
model to reproduce the frequency during the event under 
study, and then is used as an input signal for least-square 
optimization problem, thereby capturing the continuous 
impact of aggregated PV frequency response on the system 
frequency, and consequently increasing the accuracy of the 
dynamic equivalent models. The proposed aggregated 
dynamic equivalent models for distributed and transmission-
connected PV units are evaluated through a comprehensive 
study on the August 2018 separation event in Australia [26].  
The main contributions of the paper are summarized below: 
•  Increase the accuracy of existing dynamic equivalent 
models through a novel closed-loop system identification 
approach based on least-square minimization: this will 
become more and more crucial with increasing penetration 
of frequency-responsive PV, as their response might affect 
significantly the whole system’s frequency dynamics. 
• Identify the most important parameters which affect the 
aggregated PV frequency response: thereby reducing the 
number of unknown parameters in dynamic equivalencing 
and speeding up the identification process. 
• Propose intuitive aggregated dynamic equivalent models 
for PV units which preserve the underlying PV physical 
modelling: such intuitive models are an advantage in 
dynamic equivalencing, as described in [24-25]. In 
addition, the proposed model can be seamlessly applied to 
both transmission- and distribution-connected PV. 
• Account for technical response delays and their 
corresponding impacts on the aggregated frequency 
response from numerous PV units: technical delays in 
dynamic equivalencing of PV units have not been studied 
at all in previous works, while they may be essential to 
capture system-level response, impacts and benefits. 
The paper is organized as follows: Section II presents the 
proposed aggregated dynamic equivalent models for utility-
scale and distributed PV. Our novel closed-loop system 
identification approach is then introduced in Section III, while 
its performance is evaluated in the case studies of Section IV. 
Finally, Section V discusses key concluding remarks.  
II.  AGGREGATED DYNAMIC EQUIVALENT MODELS FOR 
UTILITY-SCALE AND DISTRIBUTED PV UNITS 
A.  Aggregated dynamic equivalent model for PV farms  
For frequency stability analysis, it is possible to aggregate 
power generating units of one type, PV units in this work, in 
one dynamic equivalent model [27]. The proposed converter-
based dynamic equivalent model, shown in Fig. 1, captures the 
aggregated impact of frequency responses from transmission-
connected PV farms on system frequency characteristic. This 
aggregated dynamic equivalent model is intuitive as it keeps 
the generic model of transmission-connected PV unit which 
leads to enhanced flexibility in PV frequency control [28-29]. 
The proposed model consists of four different parts: 1) 
aggregated PV array averaged model, 2) current unidirectional 
DC-DC converter, 3) DC-link capacitor, 4) three-phase grid-
side DC-AC converter (GSC).  
 
Fig. 1. Proposed aggregated dynamic equivalent model for PV farms.  
 
The GSC is responsible to control the DC-link voltage at 
the rated value (E*), which is highly correlated with reactive 
power output control. The PV-side DC-DC converter manages 
the active power output and therefore possible frequency 
response. With regards to converter-level control loops, 
several proportional integral (PI) controllers are used to 
control d-q components of output current (Id, Iq), and DC-link 
voltage (EDC). The proposed model synchronizes with the 
external grid via phase-locked loop (PLL). Ideally, the 
estimated angle (δPLL) and radial frequency (ωPLL) by PLL 
should be equal to the terminal voltage angle (θPOI) and system 
radial frequency (ωs), respectively (i.e., δPLL≈θPOI, ωPLL≈ ωs). 
A well-known PV “averaged” model, so-called Norton 
equivalent model, is used in this work to model PV array 
dynamic behaviour. The dynamic equations of the current 
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where d is the duty cycle of DC-DC converter. Assuming 
negligible switching power loss, the power flowing through 
DC-AC converter (PGSC) can be computed as below: 
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where PDC is the consumed power by the DC-link capacitor 
(C). Finally, the voltage and current differential equations of 
GSC can be expressed in d-q coordinates as below:  
𝑢𝑐𝑙𝑞 − 𝑢𝑙𝑞 = 𝑟𝑙𝐼𝑞 + 𝐿𝑙
𝑑𝐼𝑞
𝑑𝑡
+ 𝜔𝑠𝐿𝑙𝐼𝑑 (5) 
𝑢𝑐𝑙𝑑 − 𝑢𝑙𝑑 = 𝑟𝑙𝐼𝑑 + 𝐿𝑙
𝑑𝐼𝑑
𝑑𝑡
− 𝜔𝑠𝐿𝑙𝐼𝑞 (6) 
where (rl, Ll) characterizes the filter at the grid-side converter 
terminal, (uld, ulq) are the d-axis and q-axis components of the 
grid voltage, (ucld, uclq) are the d-axis and q-axis components 
of the converter voltage at AC-side. Finally, the PV plant 
model shown in Fig. 1 consists of 14 state variables (without 
considering technical delays) – see also [30]. 
B.  Aggregated dynamic equivalent model for distributed PVs  
It is important to take into account distribution lines and 
transformers in dynamic equivalencing of distributed PV 
units. To this end, the aggregated dynamic equivalent model 
of distributed PV also includes, additionally to the model 
illustrated in Fig. 1 (valid for transmission-connected PV), an 
equivalent impedance model (𝑅𝐷, 𝑋𝐷) of distribution lines and 
transformers connected in series between the terminal 
inductive filter and the external grid. The reader can refer to 
[31] for further details on control loops based on (1)-(6) for 
energy conversion systems used in the proposed models. 
C.  Unknown parameters of the proposed equivalent models 
PV units, either at distribution or transmission levels, can 
commonly respond to over-frequency conditions according to 
their active power-frequency characteristic as shown in Fig. 2. 
A PV unit works typically at its maximum power point (PMPP) 
when the frequency is within the normal operating band. A PV 
unit delivers over-frequency response through its output 
reduction once the system frequency is above frequency 
response threshold (𝐹𝑟−𝑡ℎ). The PV unit then participates into 
over-frequency control with full capacity if the frequency is 
beyond the cut-off frequency (i.e., 𝑓 ≥ 𝐹𝑐𝑢𝑡−𝑜𝑓𝑓). 
It is worth noting that the parameters of active power-
frequency curve for PV units depend on their locations (e.g., 
transmission level or distribution level) and grid-code 
requirements and may differ from one another. At 
transmission level, the frequency response provided from 
different PV farms may differ from each other mainly for two 
reasons. First, grid-codes determine the parameters of active 
power-frequency curve (i.e., 𝐹𝑟−𝑡ℎ, 𝐹𝑐𝑢𝑡−𝑜𝑓𝑓) for large-scale 
PV farms. Thus, grid-scale PV units installed in different years 
might have different setting, as grid-codes are usually subject 
to change to ensure that system remains robust and reliable 
over years. Considering the grid-code requirements in 
Australia [9], for example, PV units installed prior to 2015 are 
not required to provide over-frequency control at all, while 
those installed after 2016 are required to deliver over-
frequency response in the case of contingencies. Secondly, the 
frequency deviation sensed by grid-scale PV units located at 
different points differs from each other. This difference mainly 
emerges from uneven inertia distribution in the system, 
various RoCoF values at different locations following 
contingencies, and the difference in electrical impedance 
between fault point and PV locations. This can potentially lead 
to differences in response provision from PV units connected 
to different locations. Therefore, the aggregated frequency 
response from dynamic equivalent model is different from the 
frequency response provided by each individual PV plant.  
 
Fig. 2. Typical active power-frequency curve for PV units [10]. 
 
The active power-frequency characteristic of the proposed 
dynamic equivalent model (i.e., 𝐹𝑟−𝑡ℎ, 𝐹𝑐𝑢𝑡−𝑜𝑓𝑓), as well as its 
aggregated PLL delay (δPLL), thus need to be adjusted to 
capture the aggregated frequency response from multiple PV 
plants. Similarly, distributed PV units are also connected to 
different locations and they usually follow different frequency 
requirements since they have been installed in different years. 
So, it is also required to find the unknown parameters in the 
proposed dynamic equivalent model of distributed PVs (i.e., 
𝐹𝑟−𝑡ℎ, 𝐹𝑐𝑢𝑡−𝑜𝑓𝑓, 𝛿𝑃𝐿𝐿, 𝑅𝐷, 𝑋𝐷). Finally, other parameters in 
equations (1)-(6) have been adjusted so as to guarantee the 
stability of converter-level control loops. 
D.  Technical issues in frequency response provision from 
utility-scale PV farms  
Transmission-connected PV power plants are usually 
equipped with power plant controllers to regulate their active 
and reactive power outputs so that they behave like a single 
large generation unit [10]. Indeed, the power plant controller is 
aimed to coordinate individual inverters to provide typical 
large power plant features, for example primary frequency 
response in this work. From a practical point of view, 
transmission-connected PV units might not be able to 
participate in primary frequency response due to technical 
issues such as coordination and measurement delays [26]. This 
is a potential reason for differences in frequency responses 
provided by various grid-scale PV units. Such practical issues 
must be considered in the dynamic equivalent model of utility-
scale PV farms to avoid impacting on model accuracy. In this 
work, the active power reference generation strategy, shown in 
Fig. 1, is then developed further to take into account possible 
measurement and coordination delays. Fig. 3 shows how 
measurement and coordination delays are modelled when 
generating the reference signal through two generic 
exponential delay functions in the Laplace domain with time 
delays (rm, rc), respectively. Finally, other parameters in 
equations (1)-(6) have been adjusted so as to guarantee the 
stability of converter-level control loops. 
III.  CLOSED-LOOP SYSTEM IDENTIFICATION PROCESS OF THE 
PROPOSED AGGREGATED DYNAMIC EQUIVALENT MODELS 
The unknown parameters of the proposed dynamic 
equivalent models are grouped in a vector 𝜽 (namely 𝜽 =
[𝐹𝑟−𝑡ℎ, 𝐹𝑐𝑢𝑡−𝑜𝑓𝑓, 𝛿𝑃𝐿𝐿] for aggregated large-scale PV farms 
and 𝜽 = [𝐹𝑟−𝑡ℎ, 𝐹𝑐𝑢𝑡−𝑜𝑓𝑓, 𝛿𝑃𝐿𝐿, 𝑅𝐷, 𝑋𝐷] for distributed PV 
units) and adjusted in the least-square sense so as to keep the 
simulated frequency response from aggregated PV units as 
close as possible to the frequency response observed during 
the event under study. Regarding the dynamic equivalencing 
of large-scale PV farms, the 𝜽 vector should be modified to 
[𝐹𝑟−𝑡ℎ, 𝐹𝑐𝑢𝑡−𝑜𝑓𝑓 , 𝛿𝑃𝐿𝐿 , 𝑟𝑚 , 𝑟𝑐] to contain the unknown time 
delays as well. It is also suggested to merge measurement and 
coordination delays together since the aggregated time delay 
affects the performance of PV units in frequency response 
provision, thereby speeding up the least-square minimization 
process.  
 
Fig. 3. Proposed active power reference generation strategy including 
measurement and coordination delays. 
 
In this work, the following objective function is considered: 
𝑃(𝜽) =  
1
𝑁
∑ [𝑃(𝑘) −  ?̂?(𝑘, 𝜽)]
2𝑁
𝑘=0    (7) 
under the following constraint: 
𝜽𝐿 ≤ 𝜽 ≤ 𝜽𝑈   (8) 
where 𝑃(𝑘) is the discrete-time evolution of the aggregated 
output of PV units during the event under study while ?̂?(𝑘, 𝜽) 
is the simulated discrete-time evolution of the aggregated 
output of PV units from the proposed dynamic equivalent 
model, either at transmission level or distribution level. Also, 
𝑘 is the discrete time of simulation solver, N represents the 
maximum number of discrete times, 𝜽𝐿 is the minimum limit 
of 𝜽, while 𝜽𝑈 is its maximum limit.  
A.  The optimization method  
It is difficult to derive an analytical expression of the first 
derivative of the objective function with respect to 𝜽 since 
?̂?(𝑘, 𝜽) is obtained from time-domain simulation and steered 
by discontinuous controls. Therefore, a derivative-free, 
metaheuristic optimization algorithm [32] has been preferred 
over classic mathematical programming methods. This work 
employs the differential evolution (DE) algorithm [33]. This is 
an evolutionary algorithm and population-based optimizer that 
starts the minimization process by sampling at multiple, 
randomly chosen initial points. Then, DE generates a new 
point through a linear combination of three randomly-selected 
population points. In this work, the local-to-best strategy is 
used to generate mutant vector 𝑣𝑖,𝑔 by randomly choosing two 
population members 𝑥𝑟1,𝑔 and 𝑥𝑟2,𝑔 as follows: 
𝑣𝑖,𝑔 = 𝑥𝑖,𝑔 + 𝐹(𝑏𝑒𝑠𝑡𝑔 − 𝑥𝑖,𝑔) + 𝐹(𝑥𝑟1,𝑔 −  𝑥𝑟2,𝑔)    (9) 
where 𝑥𝑖,𝑔 is the i
th member of previous population, 𝑏𝑒𝑠𝑡𝑔is 
the best member of previous population, and F is the mutant 
constant.  If the mutant parameter vector 𝑣𝑖,𝑔 results in better 
objective function compared to 𝑥𝑖,𝑔, then 𝑣𝑖,𝑔 substitutes for 
𝑥𝑖,𝑔 in the population. Furthermore, at each new generation, 
the mutation factor (F) is randomly selected in the range of 
[0.5, 1] to improve the DE convergence significantly [27-28]. 
The population size is a trade-off between probability of 
convergence and convergence speed. It is advised in [32-33] 
to select a population size 10 times larger than the number of 
unknown parameters. The reader can refer to [32-33] for more 
information on DE algorithm. 
B.  Proposed closed-loop identification process 
Considering high PV penetration at both transmission and 
distribution levels, the PV aggregated frequency response and 
its associated impact on system frequency dynamics may be 
substantial. In fact, as far as PV units are providing frequency 
response to the system by altering their active power operating 
point, they are continuously affecting the system frequency 
dynamics, and this continuous impact is considerable with 
high PV penetration. Therefore, it is necessary to consider the 
aforesaid continuous impact while running the identification 
process to increase the accuracy of dynamic equivalencing. 
Although the variation of the model parameters throughout an 
open-loop simulation-based identification process [34] 
changes the equivalent model active power output, it has no 
impact on the system frequency signal used for the 
identification method since it is a pre-defined, invariant input. 
Therefore, this work introduces a novel closed-loop system 
identification method, sketched in Fig. 4, to take into account 
the continuous impact of the aggregated frequency support 
from PV. As shown, the system frequency during the event 
under study is reproduced using the angular speed of the 
equivalent synchronous generator, thereby the input frequency 
signal of the identification process is no longer a pre-defined, 
invariant signal. Fig. 4 shows that the study zone (facing over-
frequency condition) is constructed by an equivalent SG as 
well as an equivalent load accounting for the total inertia of 
the study zone at the pre-contingency time. The rest of the 
system is modelled as Thevenin equivalent plus an equivalent 
load. Also, the transmission lines and transformers in the study 
zone are modelled through an equivalent impedance (𝑅, 𝑋). 
Finally, load sensitivity to frequency is modelled by [35]: 
𝑃 =  𝑃0 (1 + 𝐷𝑝 ×
∆𝑓
𝑓𝑁
)      (10) 
where  
where 𝐷𝑝 is the load damping factor, 𝑃0 features the base load,  
f is the measured frequency, ∆𝑃 is the load change associated 
with frequency variation ∆𝑓, and 𝑓𝑁 is the system nominal 
frequency. The frequency of study zone is calculated using the 
radial speed of the equivalent synchronous machine. 
The following points feature in the proposed closed-loop 
system identification process:  
• The input is the simulated frequency deviation ∆𝑓, as from 
(11), which is a function of the angular speed of the 
equivalent synchronous generator in the study zone; 
• The output is the simulated active power response of the 
aggregated PV model ?̂?(𝑘, 𝜽) which will be compared 
with the actual response in a least-square manner;  
• The regressor is the embedded test system (Fig. 4) 
equations which takes into account the proposed dynamic 
equivalent models including their unknown parameters. 
 
Fig. 4. Proposed closed-loop identification process and associated equivalent 
systems. 
C.  Coupling between optimization algorithm and time-
simulation tools 
Similar to all population-based algorithms, DE generates a 
large amount of points in the search space. At each new 
generation of 𝜽, a time-domain simulation has to be run to 
generate the associated active power output ?̂?(𝑘, 𝜽). 
Therefore, the time required to complete a time-domain 
simulation has a huge impact on the identification processing 
time, irrespectively of the optimization algorithm selected. To 
overcome this problem, two options can be considered: 1) a 
software which requires less processing time to complete a 
time-domain simulation of the simplified test-system shown in 
Fig. 4, and/or 2) a simplified dynamic model of PV units 
should be used which takes into account their interaction with 
the external grid in response to frequency excursions. Once 
the unknown parameters are identified, they can be used to 
fully construct the dynamic equivalent models. These are then 
finally integrated into a power system simulation tool to 
reproduce the frequency response from PV farms, as well as 
distributed PV units, during specific events under study. 
IV.  CASE STUDIES  
This section aims to assess the performance of the 
proposed dynamic equivalent models through a 
comprehensive study on frequency response provided by PV 
farms and distributed PV in Queensland (QLD) and South 
Australia (SA) during the 25 August 2018 separation event in 
the Australian National Electricity Market (NEM) grid [26].  
A.  The Australian grid and the August 2018 separation event  
The Australian states and the NEM grid interconnectors are 
schematically shown in Fig. 5. At the time of the event, 
multiple strikes on the Queensland-New South Wales 
Interconnector (QNI) caused a double back flashover to the 
tower/earth wire, resulting in an unbalanced connection 
between Queensland (QLD) and New South Wales (NSW). 
This rapidly led to loss of synchronism between those two 
states, causing QNI trip and finally QLD separation. 
Subsequently, the QLD region experienced an over-frequency 
condition with a frequency overshoot around 50.9 Hz since it 
was exporting 865 MW power to NSW, while the rest of the 
system faced an active power deficit as well as a frequency 
drop. Generation units in South Australia (SA) started to 
respond to this frequency drop, which resulted in increased 
active power flow on the Heywood interconnector from SA to 
Victoria (VIC). This eventually also activated the Heywood 
interconnector emergency protection schemes, leading to the 
interconnector’s trip and SA separation around 6 seconds after 
the QNI trip. The SA separation left the mainland (i.e., VIC 
and NSW) to experience further frequency drop, as SA was 
exporting power to VIC. Finally, the frequency in the 
mainland stabilized due to the activation of 977 MW UFLS as 
well as primary frequency droop response from SGs [26]. 







Fig. 5. Australian states and NEM grid interconnectors. 
B.  Coupling between optimization algorithm and time-
simulation tools for the August 2018 separation event 
Two simulation tools were used to simulate the aggregated 
frequency response from PV farms and distributed PV units in 
QLD and SA, which experienced over-frequency conditions 
following their separations. Firstly, a simplified equivalent 
model of the NEM grid, as per Fig. 4, was constructed using 
the phasor-mode simulator RAMSES [36] for identification 
purposes. It is worth saying that the proposed equivalencing 
approach is completely general and scalable to other 
simulation tools (e.g., [37]). The proposed closed-loop 
identification process benefits from the RAMSES model since 
it contains a simplified generic model of inverter-based 
generators [34], which can be used as a simplified dynamic 
model of PV farms and distributed PV units throughout the 
identification process. This work links the proposed 
identification process to the RAMSES model to update the 
unknown parameters (𝜽) of aggregated dynamic equivalent 
models of both transmission-connected and distributed PV in a 
least-square minimization procedure. Based on the Australian 
grid-code [26], PV units must deliver a sustained droop 
response during over-frequency conditions, meaning that they 
only respond to frequency overshoot and then they maintain 
their reduced active power output for 10 minutes while the 
frequency is recovering. Taking the aforementioned 
requirement into account, the objective function in (7) is then 
revised by adding an additional corrective term to make sure 
that the simulated frequency overshoot is close to the actual 
frequency overshoot observed during the event in different 
states (QLD and SA), thereby satisfying the persistent 
excitation condition in system identification. Therefore, this 
specific work deploys the following objective function: 
    𝑃𝑓(𝜽) = 𝑃(𝜽) +  𝛾|∆𝑓𝑠𝑚𝑎𝑥 − ∆𝑓𝑎𝑚𝑎𝑥|  (12) 
where ∆𝑓𝑠𝑚𝑎𝑥 is the simulated frequency overshoot, ∆𝑓𝑎𝑚𝑎𝑥 is 
the actual frequency overshoot observed during the event in a 
certain area, and 𝛾 is a constant coefficient. Once the 𝜽 vector 
is identified for aggregated dynamic model of both PV farms 
and distributed PV units, the models are imported into the 
Australian 14-generator test system [38] in 
MATLAB/SIMULINK platform, which is a simplified 
equivalent dynamic model of the Australian NEM grid, so as 
to reproduce the high-level frequency dynamics observed in 
the August 2018 separation event. As discussed in [4], [39], 
the simulated frequency dynamic behaviour in different states 
well reflects the frequency traces measured during the event. 
C.  Frequency control from PV units in Queensland  
At the time of the event, 9 grid-scale PV farms were online 
in QLD with an active power output of 286.1 MW and total 
capacity of 586 MW. The Australian Energy Market Operator 
(AEMO) reported that utility-scale PV farms in QLD 
successfully provided 79 MW aggregated over-frequency 
response following the QNI trip [23]. The proposed dynamic 
model is then used to simulate the aggregated frequency 
response from PV farms in QLD. In fact, the proposed 
dynamic equivalent model is constructed in lieu of modelling 
9 grid-scale PV farms, which improves the computation 
efficiency. The consideration of 9 grid-scale PV power plants 
will add at least 126 DAEs to the system dynamic model since 
every PV unit includes 14 DAEs minimum, while the 
proposed dynamic equivalent model comprises only 14 DAEs 
in the case of no delay consideration. The simplified test-
system model is implemented in RAMSES, using data 
presented in Table I (QLD case), where the study zone is QLD 
and the rest of the system is the interconnected SA-VIC-NSW 
system. Table I also presents the parameters deployed in the 
minimization process. In this work, the optimization process 
stops when 𝑃(𝜽) reduces less than 0.1 MW during 10 
successive DE iterations. The measurement delay is 
aggregated to the coordination delay and it is assumed to be 
zero (𝑟𝑚 = 0) so as to accelerate the identification process.  
The proposed closed-loop identification process is 
terminated after 55 iterations in 30 minutes for 35-second 
simulated time, using a computer with an Intel(R) i7-6820 HQ 
quad-core processor @2.70 GHz, and 16 GB of RAM. The 
parameters for equivalent model of PV farms are obtained 
using the proposed closed-loop identification process and 
presented in Table II.  
TABLE I. PARAMETERS USED FOR DYNAMIC EQUIVALENCING OF 








Equivalent resistance [pu] 𝑅 0.1  0.1  
Equivalent reactance [pu] 𝑋 1.089  1.089  
Equivalent load in QLD [MW] Load-1 5350  775  
Equivalent load in SA-VIC-NSW 
[MW] 
Load-2 1000  250  
Load damping factor [%] 𝐷𝑝 1 4.14 
Thevenin equivalent resistance [pu] 𝑅𝑡ℎ 4.16  2.08  
Thevenin equivalent reactance [pu] 𝑋𝑡ℎ 41.16  20.8  
Thevenin short circuit MVA 𝑆𝑠𝑐 25000 25000 
Thevenin equivalent voltage [kV] 𝑉𝑡ℎ 330  330  
Inertial constant of the equivalent 
SG [Sec] 
𝐻 5  5  
Nominal MVA of the equivalent 
SG  
𝑆𝑛𝑜𝑚 11000 4000 
Resistance of the equivalent SG 
[pu] 
𝑅𝑎 0  0  
Reactance of the equivalent SG [pu] 𝑋𝑙 0.15  0.15  
Nominal voltage of the equivalent 
SG [kV] 
𝑉𝑡 330  330  
Weighted coefficient in (12) 𝛾 200 200 
  
 
TABLE II. PARAMETERS OF AGGREGATED DYNAMIC EQUIVALENT MODEL 
FOR PV FARMS IN QLD 
Parameter Value 
𝐹𝑟−𝑡ℎ  50.4895 (Hz) 
𝐹𝑐𝑢𝑡−𝑜𝑓𝑓 51.44 (Hz) 
𝛿𝑃𝐿𝐿 40 ms 
𝑟𝑚 0 
𝑟𝑐  1.1 seconds 
 
Fig. 6 shows the simulated frequency response from 
aggregated dynamic equivalent model of PV farms in QLD as 
well as the simulated QLD frequency following the QNI trip. 
From Fig. 6 it may be seen how the simulated frequency 
response (71 MW) is close to the actual frequency response 
provided by grid-scale PV units in QLD (79 MW), showing 
how the proposed dynamic equivalencing approach is able to 
capture with good fidelity the aggregated frequency response 
from PV farms during the event. It is worth saying that the 
over-frequency droop response from aggregated grid-scale PV 
units is different from typical over-frequency droop response 
from synchronous generators in Australia. This is because the 
aggregated PV output does not follow the frequency and it is 
sustained while the frequency recovers, as from the grid-code 
requirements, as opposed to the frequency droop response 
from synchronous generators. Although grid-scale PV units 
could in principle provide fast frequency response thanks to 
the high converter controllability, the actual response (79 
MW) was delivered slowly due to the coordination delay. Fig. 
6 highlights the ability of the proposed model to capture such 
technical issues, as the simulated frequency (71 MW) response 
is delivered to the QLD region with a delay of 1.1 seconds. 
Figure 7 also shows that grid-scale PV units would have 
been able to deliver 103.6 MW aggregated frequency response 
if they had delivered a sustained droop response with no delay. 
In this case, the QLD frequency overshoot could have been 
lower than 0.8 Hz following the QNI trip. 
 
Fig. 6. Frequency response from PV farms and QLD frequency following the 
QNI trip, for simulated results and actual measured data. 
 
 
Fig. 7. Expected frequency response from aggregated PV farms in QLD and 
simulated QLD frequency. 
 
Similarly, the identification process is performed to 
simulate the aggregated frequency response provided by 
distributed PV units in QLD. AEMO reported in [26] that the 
pre-contingency generation by distributed PV was 1043 MW 
with online installed capacity of 2177 MW, while 165 MW 
over-frequency response from distributed PV was observed in 
QLD. The vector 𝜽 for dynamic equivalent model of 
distributed PV in QLD is obtained using the proposed closed-
loop identification process and presented in Table III (Case-1).  
To show the importance of the proposed closed-loop 
system identification method, as well as the importance of 
corrective term in (12), we have also identified the unknown 
parameters for aggregated dynamic equivalent model of 
distributed PV units in QLD by other identification methods, 
namely: closed-loop identification approach considering 
equation (7) as the objective function, where there is no 
corrective term (Case-2); and the open-loop identification 
method presented in [34] (Case-3). The parameters identified 
in Case-2 and Case-3 are also presented in Table III. The 
QLD distributed PV dynamic equivalent models obtained 
from the different identification methods have then been 
integrated into the NEM test system, as explained above. 
TABLE III. PARAMETERS FOR AGGREGATED DYNAMIC EQUIVALENT MODEL 
OF DISTRIBUTED PV UNITS FOR VARIOUS CASES 
Case Parameter Value 
Case-1 
𝐹𝑟−𝑡ℎ 50.521 (Hz) 
𝐹𝑐𝑢𝑡−𝑜𝑓𝑓 51.854 (Hz) 




𝐹𝑟−𝑡ℎ 50.597 (Hz) 
𝐹𝑐𝑢𝑡−𝑜𝑓𝑓 52.98 (Hz) 




𝐹𝑟−𝑡ℎ 50.48 (Hz) 
𝐹𝑐𝑢𝑡−𝑜𝑓𝑓 53.16 (Hz) 





Fig. 8. Aggregated frequency response from distributed PV units in QLD in 
the simulated August 2018 event (Case-1) and actual measured response. 
 
It should be noted that the identified parameters of the 
distribution grid equivalent impedance (𝑅𝐷, 𝑋𝐷) are zero in 
different cases, as grid impedances have no, or very limited, 
impact on frequency dynamics. Second, Fig. 8 shows around 
158 MW simulated frequency response from aggregated 
distributed PV units in QLD (Case-1), while the actual 
response was around 165 MW. The simulation result validates 
the proposed dynamic equivalent model in capturing the 
aggregated dynamic behaviour of distributed PV units. 
Third, Fig. 9 depicts the simulated frequency response from 
aggregated distributed PV units in QLD obtained by different 
identification methods as defined earlier. As shown, the 
simulated response obtained via open-loop identification 
approach (Case-3) is around 133 MW, while that of Case-2 is 
around 105 MW. Table IV compares the simulated response in 
different cases with the measured response observed during 
the event by using the following error measure:  




× 100  [%] (13) 
where 𝑃𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑  is the actual response from distributed PVs 
observed during the event while 𝑃𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑
𝑘  is the simulated 
response obtained via dynamic equivalent model in Case-k 
(𝑘𝜖{1,2,3}). From Table IV, it can be concluded that the 
proposed closed-loop system identification approach (Case-1) 
results in better accuracy in dynamic equivalencing of 
aggregated distributed PV units. It should be noted that the 
proposed closed-loop identification process, including 
equation (12) as its objective function, will be considered in 
the rest of the simulation case studies to avoid repetition.  
 







Case-1 158 165 4.2 
Case-2 133.3 165 19.2 




Fig. 9. Aggregated frequency response from distributed PV units in QLD for 
different cases and actual measured response. 
D.  Frequency control from PV in South Australia   
It is reported by AEMO that the single online large-scale 
PV farm in SA at the time of the event, with active power 
output of 89 MW and capacity of 110 MW, was not able to 
respond to the frequency overshoot following the Heywood 
interconnector trip due to a severely large delay around 4 
seconds, including measurement and coordination delays [26]. 
Here we thus aim to understand how much frequency response 
could have been delivered to the SA system from the grid-
scale PV farm if there was no technical delay. Fig. 10 depicts 
how the grid-scale PV unit in SA could have provided 83 MW 
over-frequency sustained droop response to the SA system, 
and thus could have resulted in 0.1 Hz improvement in the SA 
frequency overshoot after SA separation if there was no delay. 
The data in Table I (SA case) is then used for dynamic 
equivalencing of distributed PV units in SA. The unknown 
parameters for dynamic equivalent model are obtained by the 
closed-loop system identification process and presented in 
Table V. Fig. 11 shows the aggregated frequency response 
from the proposed dynamic equivalent model as a response to 
the simulated SA frequency as well as the actual measured PV 
response: the simulated frequency response (i.e., 64 MW) is 
again close to the actual frequency response from distributed 
PV units in SA (i.e., 60 MW) reported by AEMO [26]. 
 
Fig. 10. Expected frequency response from grid-scale PV unit and simulated 
SA frequency in two different cases. 
TABLE V. PARAMETERS OF AGGREGATED DYNAMIC EQUIVALENT MODEL 
FOR DISTRIBUTED PV UNITS IN SA  
Parameter Value 
𝐹𝑟−𝑡ℎ 50.28 (Hz) 
𝐹𝑐𝑢𝑡−𝑜𝑓𝑓 52.4 (Hz) 





Fig. 11. Simulated/Measured frequency response from distributed PVs in SA 
following Heywood interconnector’s trip and simulated SA frequency. 
V.  CONCLUSION 
This paper has proposed novel dynamic equivalent models 
for transmission-connected and distributed PV units to 
improve the performance of frequency stability analysis in 
PV-rich power systems. The proposed models are based on 
generic converter-based PV dynamic model which retains the 
physical model of PV units including aggregated PV array 
model, DC-DC converter, DC-link, DC-AC converter, and 
their associated control loops. As the aggregated frequency 
response from several large-scale as well as distributed PV 
units might differ from what provided by each individual PV 
unit, the dynamic equivalents have been parametrized through 
a novel closed-loop system identification process. This 
employs a simplified equivalent test-system model to simulate 
the system frequency during the event under study, thus taking 
into account the continuous impact of PV response on the 
system frequency and eventually resulting in higher accuracy 
in model parametrization. The dynamic equivalent model for 
grid-scale PV farms was then further developed to capture 
possible technical issues that might deteriorate their frequency 
response, such as coordination and measurement delays. The 
results from model validation based on the August 2018 
separation event in Australia demonstrate how the proposed 
approach is able to capture with good fidelity the aggregated 
frequency response from grid-scale and distributed PV.  
The dynamic equivalencing methodology of PV units of 
different locations and scales we propose here can be deployed 
by system operators as a powerful tool to accurately evaluate 
PV aggregated frequency response. This will become 
increasingly important with larger penetration of distributed 
and centralized PV plants, thus contributing to reduce the 
complexity of frequency response analysis and improve 
system stability and security in low-carbon power systems. 
As future work, even though the robustness of the proposed 
identification approach has been extensively verified by 
multiple algorithm runs, we aim to test it further against other 
disturbances and improve its accuracy by considering piece-
wise active power-frequency characteristics. 
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